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ABSTRACT
The novel coronavirus disease (COVID-19) has rapidly spread around the globe in 2020, with the U.S. becoming the epicenter
of COVID-19 cases and deaths in late March. In this context, there have been federal and state-level policy interventions
aiming at mitigating the public health risks of this pandemic. These social distancing and work-from-home policies, which
vary widely across states, have impacted the electricity sector, and economic productivity in general. As the U.S. begins to
gradually resume some economic and social activities, it is imperative for policy makers and electric power operators to take
a data-driven scientific approach to understanding and predicting the change of electricity consumption in the shorter and
longer term. In this paper, we release a first-of-its-kind open access data hub, namely the Coronavirus Disease-Electricity
Market Data Aggregation (COVID-EMDA), to track the impact of the COVID-19 epidemic on electricity markets in the U.S. This
ready-to-use data hub integrates generation, load and pricing data across all existing U.S. markets with COVID-19 case data,
weather data, cellular phone location data and satellite imaging data into a compact format, and is updated daily to capture the
evolving dynamics. Additionally, we perform rigorous statistical analysis of this data to quantify the impact of COVID-19 on
the electricity sector. Our analysis suggests a strong correlation between the rise in the number of COVID-19 cases and a
reduction in the total load, especially in the Northeast and Coastal regions of the U.S., which contains the majority of the U.S.
COVID-19 case load. We also uncover significant spatial variations in the impact of COVID-19 on regional electricity markets,
which may be indicative of differing social distancing policies and case loads.
Introduction
This paper develops an open-access data-hub and data-driven analysis of the impact of the coronavirus disease (COVID-19) on
electricity market operation in the United States (U.S.). The coronavirus outbreak was declared as a global pandemic by the
World Health Organization on March 13, 20201. Two days later, the United States government issued a national emergency
proclamation2, noting the severe threat that COVID-19 poses to national public health. Since then, a large number of experts
from distinct backgrounds have contributed towards combating the pandemic3. As various states are gradually re-opening
the economy4, there is much uncertainty on how much, how long, and how severely this re-opening process will impact the
electricity sector. This paper aims at providing a timely open-access data resource accompanied by rigorous analysis to aid the
power community in making scientifically informed decisions in this situation.
Literature Review
Given the fast dynamics and almost on-the-clock changes on various policies, there has been relatively little scholarly work
on understanding the impact of COVID-19 on the U.S. electricity sector. Several preliminary findings reported in non-peer-
reviewed avenues such as social media and blogs5–8 have pointed towards the potential impact of COVID-19 on electricity
markets5, 6, including concerns about system reliability risk, reduced bill payments and delayed investment activities7. Similar
findings have also been presented in technical reports by multiple government agencies. For example, the short-term energy
outlook for the first quarter of 20209 released by the Energy Information Administration (EIA) indicated that the national
electricity consumption of the residential sector increased during this quarter, while the supply side faces increasing uncertainty.
The report also projected that the wholesale prices were expected to decrease within 2020. A similar report from the from
the Electric Power Research Institute (EPRI)10 expanded the scope of its findings to markets across the world, classifying the
impact on the demand side in Europe, U.S. and China according to the degree of policy restrictions enforced. However, the
EPRI analysis did not consider weather (temperature) variations, which may be problematic, since there is a strong correlation
between the weather variations and typical load profiles whose effects must be compensated for before assessing the impact of
COVID-19 on load variations.
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The Industry Technical Support Leadership Committee of the IEEE Power and Energy Society recently published its
report11 on the first response of the power industry amid pandemic. Additionally, three regional transmission organizations
(RTOs) began to release load impact analysis reports. The load analysis released by the ISO Electric Reliability Council of
Texas (ERCOT)12 based on a backcast model estimated a reduction of a 4−5% both daily peak and weekly energy use while
loads remained consistently low during the early morning hours. A similar methodology was implemented by the Midcontinent
Independent System Operator (MISO)13, finding an almost 10% reduction of both daily and weekly loads. The New York
Independent System Operator (NYISO), incorporating the normalization of weather factors, observed delayed load peaks in the
morning and up to a 16% load reduction in the zones with large commercial energy use14.
However, assessments of the impact of the the COVID-19 pandemic on the power sector are still at a nascent stage. Two
gaps exist in currently available research in this regard. Firstly, the lack of consistent assessment criteria renders results across
distinct geographical locations incomparable. Secondly, existing statistical analysis does not rigorously calibrate a baseline
forecast in the absence of the pandemic, so that the impact of the pandemic may be quantified against this benchmark with
confidence. Therefore, a well-calibrated, rigorous and comprehensive assessment that can be standardized across different
locations and datasets is required to facilitate informed decision-making in the electricity sector in the coming months.
Contribution
In this paper, we contribute towards bridging this gap in literature as follows.
• We develop an open-access data hub, COVID-EMDA (Coronavirus Disease and Electricity Market Data Aggregation),
publicly available on Github15, to track and measure the potential impact of COVID-19 on the U.S. electricity sector.
This data hub bridges the gap between a variety of heterogeneous data sources, including information from all existing
electricity markets in the U.S., COVID-19 public health data, weather, cellular phone location information and satellite
imaging data. The data hub is updated daily to capture emerging trends. The hub makes available cleaned, processed and
cross-referenced data that can readily be used by researchers, practitioners, and policy makers interested in the electricity
sector. To the best of our knowledge, this data hub is the first data resource designed to track the impact of the COVID-19
pandemic from an electricity sector perspective.
• Leveraging this data hub, we carry out region-wise multi-variable statistical analysis to assess the impact of COVID-19
on the U.S. electricity sector. In contrast to existing analyses, we calibrate a backcast model to provide accurate baseline
estimations of load profiles in the absence of COVID-19 that are used as a benchmark against which trends in load change
are quantified. Our analysis indicates a strong correlation between the number of COVID-19 cases and the reduction in
total load, especially in the Northeast and Coastal regions of the U.S.
• Finally, by harmonizing heterogeneous data, we provide an approach to compare changes in the load profile across
various markets (RTOs) in the U.S. We uncover significant statistical variations in the impact of COVID-19 on different
markets, which may be indicative of differing social distancing policy decisions and COVID-19 case loads.
COVID-EMDA Data Hub
In order to assess the impact of COVID-19 on the electricity sector, we develop a comprehensive open-access data hub,
COVID-EMDA (Coronavirus Disease and Electricity Market Data Aggregation), publicly available on Github15, integrating
electricity market data, weather data, cellular phone location data and satellite imaging data into a single ready-to-use hub.
We pay special attention to the impact of COVID-19 on electricity markets in the U.S.16 for two reasons. Subject to strict
requirements of information disclosure, electricity market data are usually timely, accurate, abundant and publicly available in
the U.S., making the market dataset ideal for impacts tracking and measurement. More importantly, existing marketplaces in
U.S. are well correlated with specific pandemic hotspot areas. Fig. 1 shows the number of confirmed COVID-19 as of April 24,
2020 at both the state level (heat map zones)17 and electricity marketplace level (shaded zones)16. Focusing on the states in dark
brown (with over 100,000 confirmed cases), the majority are properly covered by the seven existing U.S. electricity markets,
except for Florida, Georgia, Washington and Colorado states. Further statistical results indicate that these marketplaces cover
the top seven hardest-hit states, and more than 83% of the national number of confirmed COVID-19 cases.
Data Sources for Analysis
Electricity Market Data
There are seven electricity markets in the U.S., namely, California (CAISO)18, Midcontinent (MISO)19, New England (ISO-
NE)20, New York (NYISO)21, Pennsylvania-New Jersey-Maryland Interconnection (PJM)22, Southwest Power Pool (SPP)23,
and Electricity Reliability Council of Texas (ERCOT)24. All these markets share the similar structure, so it is possible to
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Figure 1. COVID-19 reported cases of April 24, 2020 in U.S. states and electricity marketplaces. The seven regional
transmission organizations (RTOs) cover the top seven hardest-hit states, and the total cases in these market regions account for
more than 83% of nation’s COVID-19 case load. Data source: U.S. Centers for Disease Control and Prevention (CDC) and
Federal Energy Regulatory Commission (FERC).
collect and arrange data to support cross-market analysis. In this paper, we mainly focus on the load, generation mix and
day-ahead locational marginal price (LMP). Although these markets have established websites for public information disclosure,
their download centers, database structures and user interfaces differ widely. Further, file formats, definitions, historical data
availability and documentations are also extremely diverse across these markets, making it difficult to integrate this data into a
unified framework. The major issues in integrating raw electricity market data are summarized as follows:
• Some data are stored in hard-to-find pages without necessary navigation links. For example, CAISO’s generation mix
data are recorded in daily renewables and emissions reports, but excluded in its OASIS data platform. The download
links for generation mix data in MISO can only be found by carefully checking the market report directories.
• Some data are not packed and collected in an aggregated file for the requested date range. A batch downloader is needed
to download these data files one by one, and then aggregate them into the desired single file. This is the case with NYISO
and ISO-NE data. ISO-NE attemots to provide an interface to support data combination, but no more than 14 days of
data can be pulled in one data request and the Captcha verification code system slows down the process.
• Very inconsistent definitions and abbreviations are used among different markets. Sometimes, the same concepts used
by different data categories don’t follow the same terminology even within the same market. Some examples include:
the generation fuel categories mismatch among all markets, some markets applying local time zones while others use
Greenwich Mean Time, and the load zone names in ERCOT’s daily files and annual archived files being different even
for the same zone.
• Geographical information often lacks documentation. For example, there are 17 load zones recorded in the SPP market,
but their accurate locations are unknown.
• The data quality is not reliable. Data redundancy, duplicate data and missing data are common problems across all
markets. A typical example is LMP data. In ERCOT and ISO-NE, no price filter function is provided, and most data in
large files is not needed.
Other data resources from the Energy Information Administration (EIA)25 and EnergyOnline company26 are also valuable,
since they include part of the market data in some selected locations. We integrate these sources to improve the overall data
quality.
COVID-19 Cases and Weather Data
The original sources of confirmed COVID-19 case numbers and weather data are from John Hopkins University27 and Iowa
State University28 respectively. The COVID-19 case data contain county-level confirmed case and death numbers from January
22, 2020 (first U.S. case) to present. Various kinds of weather data are collected from Automated Surface Observing Systems
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(ASOS) stations that are supported by the National Oceanic and Atmosphere Administration (NOAA). Here, the literature28
provides an interactive website to filter out the required data. There are usually 50 to 200 stations in each state with different
levels of data quality, and this abundance of data sources can help us improve the overall accuracy. A key issue in merging
weather data with electricity market data is the mismatch of geographical scale, which we will later handle by geocoding.
Data Sources for Visualization
We integrate data from cellular location data and satellite imagery into the COVID-EMDA hub as tools for visualizing the
impact of COVID-19 on social distancing and electricity load respectively. These datasets may provide a perspective for the
interpretation of the electricity market analyses in terms of metrics like social distancing.
Cellular Phone Location
The original cellular phone location dataset is derived from SafeGraph29, 30, a data company that aggregates anonymized GPS
location data from numerous applications by census block group in order to provide insights about physical locations. The
whole original dataset contains two major subdatasets: (i) social distancing metric and (ii) pattern of visits to Points of Interest
(POIs). In the social distancing metric dataset, "home" is defined as the location of users at midnight, and "full-time workplace"
is defined as the non-home location at which users spend more than 6 hours during daytime. We aggregate the original social
distancing dataset by county and define the social distancing level as the estimated proportion of users who stay at home all day.
Fig. 2 shows the change of the social distancing level in each county of the U.S. mainland from March 11 to April 08, 2020,
with February 12 being the baseline. Note that we specially select these Wednesdays to reflect the impacts of work-from-home
policies. From Fig. 2, a significant increase in the social distancing level indicates the change of people’s social behavior amidst
the pandemic, with regional differences based on stringency and effectiveness of stay-at-home policies.
The pattern dataset mainly contains (i) base information of POIs of 168 categories, including location name, address and
brand association, and (ii) information of daily visits and dwell time in POIs. We aggregate the original data by county and
POI category. Specifically, Fig. 3 visualizes the change of visit patterns in four hotspot cities from February 15 to April 25,
from which we can observe that (i) all cities suffered a sudden decline starting from March 15, the issuing date of the national
emergency, and (ii) the extent of the declines have similar characteristics with some regional divergences.
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Figure 2. Additional proportion of users who completely stay at home with February 12 being the baseline.
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Figure 3. Normalized number of daily total visits and three selected POIs’ visits including restaurants, grocery and health and
personal care from February 15 to April 25, 2020. The normalized numbers show the relative values of the daily visits with
February 15 being the baseline.
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Satellite Imagery
Recent advancements on on-board sensors and data processing algorithms for remote sensing satellites has opened up various
opportunities for monitoring and analyzing human activities on the surface of Earth and characterizing the impact of human
activities on the environment, using various satellite data sources about emission, radiation, atmosphere, vegetation and water
body. Among the wide range of available data, Night-Time Light (NTL) has been well recognized as a valuable and unique
perspective of understanding the changes in human footprints and economic dynamics31. For our study, the NASA VNP46A1
"Black-Marble"32 dataset is selected as the data source for its high resolution, public availability and daily update. VNP46A1 is
collected by the NASA Suomi NPP sun-synchronous remote sensing satelite33 which has a orbiting period of 101.44 minutes.
This satellite measures the surface light radiation at a constant resolution of 500 meter per sample and samples daily at around
local time mid-night for every location across the globe. This dataset has been used in power system studies from the perspective
of outage detection34 and grid restoration35.
We conduct a comparative study on the impact of the outbreak of COVID-19 on artificial nightlights for several representative
metropolises in different RTO regions. Specifically, we focus on the city of Boston, New-York City, Los Angles and Houston.
For each city we select a typical day in both February (before the COVID-19 outbreak) and April (during the outbreak) and plot
the artificial NTL data to visualize the change in night-time light level, which is a direct indicator of electricity consumption of
business and commercial loads. The two representative snapshots selected for each city are taken from the same day-of-week
and time-of-day, and sky is clear of cloud. The raw data are pre-processed to filter out ambient noise and focus on only the
urban area of the city. A colormap is used to clearly illustrate the light intensity, in which bright color indicates strong light and
dark color indicates dim light. The processed NTL images are presented in Fig. 4. The reduction in night-time light brightness
provides a visual representation of the effect of COVID-19 on electricity consumption level in major cities, as the drop in light
intensity is obvious and significant.
COVID-EMDA: Connecting Heterogeneous Data Sources
Data Source Aggregation
As shown in Fig. 5, we design a processing flowchart to better reorganize and harmonize all the three data sources. For data
consistence, we design parsers to transform the data to a unified format, followed by geocoding to match the time scales of
COVID-19 case load and weather data to the electricity market data, cleaning of redundant data, and file compression. The
methodology of data aggregation is detailed in the Methods section.
COVID-EMDA Architecture
Fig. 6 shows the architecture of COVID-EMDA data hub, which cross-references information across three categories as follows.
• Data for different dates: all the daily data (time-series) from January 1, 2017 to present. The historical data for the last
Figure 4. Artificial NTL data of 4 major metropolises in the United States. Sub-figures (A) - (D) shows the night-time light
images before the outbreak of COVID-19 (Early and mid February); (E) - (H) shows the nighttime light images during the
outbreak (Late April).
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Figure 5. Processing flowchart of COVID-EMDA data hub. Three heterogeneous data sources are handled, including
electricity market, COVID-19 cases and weather data. The key designs for market data are the standard long table and compact
wide table—they enable a consistent data compaction process for various kinds of file formats. To coordinate three data sources
in the same geographical scales, the geocoding technique is applied to transform COVID-19 cases and weather data. The entire
processing reflects the objective of data consistence, data compaction and data checking.
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Figure 6. Architecture of COVID-EMDA data hub. This architecture contains the date, data category and location dimensions.
The main dimension is the date dimension due to the importance of time-series relationships. Along the main dimension, one
can retrieve multiple data slices or spreedsheet data files. The yellow cubic represents one of the load datasets in New York City.
three years can be applied as a baseline.
• Data for different categories: metered load profile, metered generation mix, day-ahead LMP, number of confirmed
COVID-19 cases and deaths, temperature, relative humidity, wind speed and dew temperature.
• Data for different locations: seven electricity markets and seven typical cities (one city from each market is selected,
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namely, San Francisco, Chicago, Boston, New York City, Philadelphia, Kansas City and Houston.)
This data hub maintains the date dimension as the key relationship, because time-series dynamics are crucial to describe the
impact of the pandemic. We then slice the other two dimensions to formulate several datasets, and name these flat spreedsheet
files in the format of “market_area_category.csv”. Fig. 6 shows an example of “nyiso_nyc_load.csv”. From this perspective, the
COVID-EMDA data hub is composed of many spreedsheet files. We omit any further data merging of these files to leave full
flexibility for users to assort them into case-by-case data collections. Finally, COVID-EMDA follows the third normal form
(3NF) rule to organize data in a more efficient way. This is achieved by dropping all the transitive functional dependencies in
the original sources (1NF), and the data redundancy, thereby effectively reducing conflicts.
Multiple-RTO Assessment of Load Changes
A key issue of concern to electricity RTOs is load changes due to the COVID-19 pandemic. Leveraging the heterogeneous
COVID-EMDA data hub, we derive statistical statistically robust and reliable results on load profile variations correlated with
the pandemic. We achieve this by carefully designing a group of backcast models to accurately estimate load profiles in the
absence of COVID-19, which are then used as benchmarks against which the impact of COVID-19 on the electricity sector is
quantified. We provide both a point- and interval-estimation based on these models.
Load Changes in NYISO
We begin by analyzing the correlation between load reduction and the COVID-19 pandemic in the New York area, which
is the epicenter of the pandemic in the U.S. Fig. 7 shows the comparison between actual load profile, backcast results (with
10%− 90% and 25%− 75% quantiles) and the load profile in previous year (aligned by day and week using NYISO data;
for example, February 4, 2019 and February 3, 2020 are compared because they are both Mondays of the fifth week in the
respective year).
The perfect match of the curve shapes indicates that the backcast estimations reliably verify the very little difference before
the COVID-19 outbreak (February 3 and March 2) and much larger difference afterwards (April 6 and 27). However, the load
profile in 2019, although being a common and simple choice in many analyses, can be a poor baseline for the impact assessment,
since its performance is uncertain both before and after the COVID-19, resulting in big errors in estimation accuracy. A weak
trend can also be seen in late April where the load reduction seems to shrink when temperature gradually goes up.
We apply another series of backcast models to estimate daily average load and calculate the time-varying reduction rate in
Fig. 8. A weekly moving average is applied to capture the changing trend. Clearly, a rapid growth in load reduction is observed
in March after the declaration of a state of emergency in New York state. The reduction rate reached approximately 8% in
April, and stabilized for the rest of the month.
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Figure 7. Load profile comparison in NYISO between the backcast estimations, past profile and real profile. Four typical
Mondays are chosen for comparison during February to April. The backcast estimations include both a point- and
interval-estimation, and the 10%−90%, 25%−75% quantiles are also given. The past load profiles in 2019 are aligned with
the real profile by weekday. Backcast estimations are shown more accurate and reliable to provide a baseline for load changes
assessment.
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Figure 8. Time-varying load reduction rate in NYISO before and after COVID-19 outbreak. The daily reduction rate trend is
obtained by a weekly moving average technique. Major events related to COVID-19 for New York state are indicated in the
timeline.
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Figure 9. Daily new confirmed case numbers and load reduction rate in NYISO. The trace can be divided into two parts: a
straight and upward path in March 10-25, 2020 represents the fast developing period, following which the trace enters a stable
period.
An interesting finding is the strong correlation between the load reduction rate, the weekly moving average of daily average
load reduction, and the number of newly confirmed cases. We extract the dates with more than 10 reported cases, and find an
86.1% correlation coefficient. Fig. 9 shows the trace of newly confirmed cases and the load reduction rate in New York state.
One can clearly identify a fast developing period from March 10-25, 2020 an a stable period afterwards.
Multiple-RTO Assessment
A cross-market comparison, with both the point- and interval-estimation results, is conducted in Tab. 1 to show the impact of
COVID-19 on different marketplaces. The interval estimation is calculated using the 10% and 90% quantiles which can be
regarded as reliable estimation boundaries. The backcast models successfully capture the load change dynamics and provide a
statistical comparison among different markets.
It is clearly shown that all the markets are experiencing load reduction in April, but the magnitudes of the reductions are
diverse, varying from 5.00% to 10.12%. The load changing dynamics are also different - the demand in NYISO, ISO-NE
and CAISO started dropping in March, while other markets appeared nearly unchanged (interval estimations contain zero).
Additionally, our estimation results for April have a good match with official reports12–14.
According to Tab. 1, in April, CAISO experienced the most severe load reduction, 10.12%, and MISO ranked second with
an 8.94% load reduction, while ERCOT and SPP suffered the least. Markets in northeastern U.S. are also influenced, especially
NYISO (8.41% load reduction) and PJM (6.86% load reduction). These findings may broadly be interpreted in the context of
social distancing and work-from-home policies, such as the data in Fig. 3. The unusual finding is the small load change in
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Table 1. Multiple-RTO Comparison on the Load Changes.
Load Reduction Rate (%) CAISO ISO-NE NYISO PJM ERCOT MISO SPP
Average in February −1.48 0.90 0.13 −1.02 −4.09 −0.41 −1.09
[−3.91, 0.77] [−1.32, 2.88] [−1.67, 1.87] [−2.96,0.88] [−7.05,−1.39] [−2.36, 1.42] [−3.07, 0.74]
Average in March 2.72 3.20 3.62 0.52 −0.21 0.96 −0.12
[ 0.85, 4.47] [ 0.91, 5.33] [ 1.53, 5.44] [−1.58,2.62] [−3.03, 1.99] [−1.16, 2.94] [−2.38, 2.05]
Average in April 10.12 6.20 8.41 6.86 5.00 8.94 5.05
[ 8.17,11.87] [ 3.86, 8.39] [ 6.51,10.29] [ 4.74,8.92] [ 2.48, 7.33] [ 6.99,10.85] [ 2.62, 7.20]
ERCOT where a large number of COVID-19 cases are reported. We also find an abnormal derivation in ERCOT’s February
result which might indicate possible special situations in that month.
Concluding Remarks
We introduced an open-access easy-to-use data-hub aggregating multiple data sources for tracking and analyzing the electricity
sector under the COVID-19 crisis in the U.S. The hub will allow researchers to conduct cross-domain analysis during and
after this global pandemic. We further provided the first assessment results with this data resource to quantify the intensity
and dynamics of the impact of COVID-19 on the U.S. electricity sector. Our results suggest that the U.S. electricity sector, in
particular the Northeastern region, is undergoing highly voltatile changes. The change in the overall electricity consumption is
also highly correlated with public health information such as newly added COVID-19 positive cases. Our analysis provides
strong evidence that the power sector is experiencing a highly-influenced period, and some preparations are needed in advance
to mitigate the impact of these significant changes on the operation of U.S. electricity markets. We also find very diverse levels
of impact in different marketplaces, indicating that market-specific analysis is critically important. Due to the ongoing nature of
the pandemic, immediate future work includes further in-depth analysis on the shorter and longer-term impact on the electricity
sector, including cross-domain statistical models for predictive studies and policy evaluation.
Methods
Data Processing and Aggregation Methodology
As shown in Fig. 5, we harmonize the heterogeneous data sources following three principles - data consistence, data compaction,
and data cleaning, as follows.
Data Consistence:
• For each source of electricity market files, a specific parser is designed to transform the data into a standard long table
with date and hour indices. After processing by the parser, raw data from different markets is converted to a unified
format.
• Geocoding is adopted to match the geographical scale of three sources.
• In the final labeling step, all the field names of data files are translated to the corresponding standard name from a
pre-selected name list.
Data Compaction:
• Redundant data are dropped by parsers, and the packing step transforms the standard long tables into compact wide
tables by pivoting the hour indices as new columns. Usually, the compact wide table can achieve more than 10x file
compression rate compared to the un-processed raw files.
• COVID-19 cases data are aggregated to the scale of market areas.
• Typical ASOS stations are selected with consideration of geographical distribution and missing data rate. This step
selects two to three stations for each market area, whose average missing data rates are below 0.5%.
• The minute-level weather observations are re-sampled into an hourly basis to align with the resolution of market data.
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Data Cleaning:
• Single missing data (most frequent) are filled by linear interpolation. For consecutive missing data (for example,
consecutive missing dates, which are very rare), data from the EIA or EnergyOnline is carefully supplemented.
• Outlier data samples are automatically detected when they are beyond 5 times or below 20% of the associated daily
average value. Exceptions such as price spikes and negative prices in LMP data are carefully handled.
• Duplicate data are dropped, only the first occurrence of each data sample is kept.
Backcast Model and Load Reduction Rate
The backcast model is used to estimate the actual load profile in the absence of the COVID-19 pandemic, so that the difference
between a backcast model and the actual metered load can be used to quantify the impact of the pandemic. A backcast model is
expressed as a function that maps several weather variables (such as temperature, humidity and wind speed) to the estimated
load value. Given a group of backcast models, ensemble forecasting is widely recognized as the best approach to provide rich
interval information. A group of backcast models for the daily average load can be described by
Lˆmd =
1
N
N
∑
i=1
fˆi(Tmdq,Hmdq,Smdq), ∀m,d, (1)
where Lˆmd is the estimated daily average load for month m and day d, fˆi is the ith backcast model, and Tmdq,Hmdq,Smdq are
temperature, humidity and wind speed within the selected quantiles q. We typically include 25%, 50% (average value), 75%
and 100% (maximum) quantiles, and the final inputs should be decided based on the data after extensive testing. With the
backcast estimations, the daily load reduction rate rmd is calculated as follows,
rmd =
(
1− 1
Lˆmd
· 1
T
T
∑
t=1
Lmdt
)
×100%, ∀m,d, (2)
where T = 24 is the total number of hours in one day, and Lmdt is the load level metered at time t on month m and day d.
Equation (2) essentially compares the backcast and actual load results, and can be readily extended to interval estimations by
adjusting the backcast result.
As for the specific implementations for existing electricity markets, we split the MISO market to three parts and SPP to two
because these markets cover very broad areas and the weather observations can vary significantly within the market area. For
each market (or part of a market), we formulated a basic backcast model by considering different input settings (combination of
weather variables and calendar variables with various time lag), different prepossessing techniques (normalization) and different
model architectures (neural networks with various configurations, support vector machine, random forest and polynomial
regression). After comparing different models, a structure with a four-layer fully-connected neural network, ReLU activation
function, and L2 regularization, trained by an early stopping rule shows the best performance in terms of accuracy and
robustness. Afterwards, a random search of the hidden layer numbers within ±20% fluctuation in each layer, was implemented
to generate a series of backcast models. We searched 500 models for each market (or part of market) and selected the top
100 according to their estimation accuracy. Note that the average estimation accuracy of these models is 2.2−3.4%, which is
sufficiently good for one-year-ahead hourly estimation.
Data and Code Availability
The COVID-EMDA data hub is public available on Github15. The supporting team will collect, clean, check and update the data
daily, and provide necessary technical support for unexpected bugs. In the Github repository, the released data are shared along
with the original data and their corresponding parsers (written in Python). Several simple quick start examples are included to
help aid beginners.
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